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Abstract

Content-basedimageretrieval (CBIR) hasbeenan active researchareain the last ten years,anda
varietyof techniqueshavebeendeveloped.However, retrieving imagesonthebasisof low-level features
hasprovenunsatisfactory, andnew techniquesareneededto supporthigh-levelqueries.Researchefforts
are neededto bridge the gapbetweenhigh-level semanticsand low-level features. In this paper, we
presenta novel approachto supportingsemantics-basedimageretrieval. Our approachis basedon the
monotonictree,a derivation of the contourtreefor usewith discretedata. The structuralelementsof
an imagearemodeledasbranches(or subtrees)of the monotonictree. Thesestructuralelementsare
classifiedandclusteredon the basisof suchpropertiesascolor, spatiallocation,harshnessandshape.
Eachclustercorrespondsto somesemanticfeature.This schemeis appliedto theanalysisandretrieval
of sceneryimages.Comparisonsof experimentalresultsof this approachwith conventionaltechniques
usinglow-level features,demonstratetheeffectivenessof ourapproach.

Keywords: Content-basedimageretrieval, imagefeatureextraction,annotation,semanticsretrieval, mono-

tonic tree

1 Introduction

With theenormousgrowth of imagedatabases,thereis anurgentneedto build efficientandeffective image

retrieval systems.Content-basedimageretrieval (CBIR) offersapromisingtechnologyto addressthisneed,

anda variety of CBIR techniqueshave beendeveloped. In particular, content-basedimageretrieval using

low-level featuressuchascolor [43, 38, 27], texture [22, 37, 36, 42, 21], shape[44, 23, 13, 24, 25,14, 10,

16, 48, 49, 35, 45, 34] andothers[29, 39, 2, 15, 7] hasbeenwell studied.Variousimage-queryingsystems,

includingQBIC [11], VisualSeek[38], PhotoBook[28], Netra[19], andVirage[5], have beenbuilt, using

low-level featuresfor generalor specificimage-retrieval tasks.

However, retrieving imagesvia low-level featureshasprovento beunsatisfactory. Effective andprecise

imageretrieval by semanticsstill remainsanopenproblembecauseof theextremedifficulty of fully char-

acterizingimages.Theoriesandapproachesfor queryingandbrowsing imagesbasedon imagesemantics

becomeincreasinglycritical asweb-basedinformationretrieval grows in popularity. In recognizingtheex-

isting problemsin theCBIR field, we believe thatresearchefforts areneededto bridgethegapbetweenthe

high-level semanticsof interestto usersandthelow-level featureswhichcanbeefficiently extracted.
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J.P. Eakins[9] classifiedimagefeaturesinto threelevels, rangingfrom thehighly concreteto thevery

abstract.For ourpurpose,we classifyimagefeaturesin threelevels,asfollows:

� Primitive level: Primitive featuresinclude color, texture, shape,and the spatial location of image

elements.

� Local semantic level: Local semanticfeaturesdescribethepresenceof individual objectsin images.

Two examplesof queriesby localsemanticfeaturesare“find pictureswith abridge”(objectof agiven

type)and“find pictureswith sky andtrees”(combinationof objects).

� Thematic level (or global semantic level): Thematicfeaturesdescribetheglobalmeaningsor topics

of images.Two examplesof queriesat this level are“find picturesof a Chinesegarden”and“find

picturesof anearthquake.” The thematicfeaturesof an imagearebasedon all objectsin the image

alongwith their spatialrelationships.High-level reasoningis neededto derive theglobalmeaningof

all objectsin thesceneandto determinethetopicof theimage.

MostexistingCBIR systemsarebasedonprimitive features[11, 28, 38, 19]. Althoughsomeapproaches

[12, 46, 4] have beenproposedfor imageretrieval by semanticfeatures,thereis currentlyno CBIR system

which workseffectively with semanticfeatures.Thedifficulty of detectionandrecognitionof generalob-

jectspresentsasignificantchallengeto thedevelopmentof aCBIR systemwhichcanextractgeneralseman-

tic featuresfrom images.However, techniquescanbesuccessfullyappliedto thesimplerrealmof specific

domains.

In this paper, we focus on sceneryimages,a popular testbedfor semanticsextraction. For several

reasons,sceneryimagesareeasierto analyzethangeneralimages.First, sceneryimagescontaina limited

rangeof objecttypes.Commonsceneryobjecttypesincludesky, tree,building, mountain,lawn, water, and

snow. Second,shapefeatures,which aredifficult to characterizeandmatch,arelessimportantthanother

low-level featuresin analyzingsceneryimages.Finally, sceneryimagesoften fall into a small numberof

typicalpatterns,suchasthoseshown in Figure1. Thesetypicalpatternsgreatlysimplify sceneinterpretation

for sceneryimages.

Lawn

Sky
Building

Trees

Sky

Ground

Mountain

Sky

Ground

Mountain WaterTrees

Figure1: Somestylesof sceneryimages.

In this paper, we will presenta novel approachto supportingsemantics-basedimageretrieval. This

approachis basedon theconceptof themonotonictree[40], a derivation of thecontourtreefor usewith
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discretedata.Thestructuralelementsof animagearemodeledasbranches( or subtrees)of themonotonic

treeof the image. Thesestructuralelementsareclassifiedandclusteredon thebasisof suchpropertiesas

color, spatiallocation,harshness,andshape.Eachclustercorrespondsto somesemanticfeature.Following

thesesteps,imagescanbe automaticallyannotatedwith category keywords,including sky, building, tree,

wave, lawn, water, snow, and ground,thus facilitating high-level (semantics-based)imagequeryingand

browsing.

A scenery-queryingsystem,termedSceneryAnalyzer, hasbeenbuilt to demonstratetheeffectivenessof

thisapproach.SceneryAnalyzerhandlessix typesof sceneryfeatures:sky, building, tree,waterwave,placid

water, andground.Thevisualpropertiesof waterwave andplacidwaterarestructurallydifferent,andthey

arethereforetreatedasseparatetypes. Thegroundfeaturein imagescanbe furthersplit into snow, lawn,

andothersubtypes.

Theprocessof generatingthesemantickeywordswhichsupporthigh-level sceneryqueryingis shown in

Figure2. Featureextractionis thecentralanduniquecomponentof this system.Theextractionof features

is accomplishedoff-line; eachimageis processedto extract semanticfeatures,which arethenstoredin a

featurevector. Thesesemanticfeaturesareautomaticallyannotatedontoa graycopy of theoriginal image.

All featurevectorsarestoredin a featurebase.
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Figure2: SceneryAnalyzer architecture.

The body of this paperwill be devoted to a presentationof the detailsof the approachto semantic
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featureextraction,includingexperimentalresults.Section2 introducestheconceptof themonotonictree.

In Section3, techniquesfor extractingsemanticfeaturesaredescribed.Section4 presentscasestudiesof

sceneryfeatures,while Section5 offers a performanceevaluationof the proposedapproach.A summary

andconcludingremarksappearin Section6.

2 Monotonic tree

2.1 Introduction to the monotonic tree

Contourtrees[26, 33, 47] have beenusedin geographicinformationsystems(GIS)andmedicalimagingto

displayscalardata.For example,elevation in the landscapecanbemodeledby scalardataover theplane,

whereacontour(alsocalledanisoline)is aline alongwhichtheelevationfunctionassumesaconstantvalue.

Contoursaredefinedonly for continuousfunctions.For animagerepresentedby discretedata,acontinuous

functionis first definedthroughinterpolationof thedata.Thecontourtreeis thendefinedonthiscontinuous

function.

In [40], we introduceda new concept,the monotonic line, which is defineddirectly on discretedata.

An outward-falling/climbing monotonic line for a gray imageis a boundarywithin the imagewhich is

characterizedby higher/lower pixel valuesjust insidetheboundarythanjustoutside.All monotoniclinesin

animageform arootedtree,calledamonotonic tree. A maximalsequenceof uniquely-enclosingmonotonic

lines is calleda monotonic slope. All monotonicslopesin an imageform a topological monotonic tree. A

monotonicslopeis calledoutward-falling/climbing if all its monotoniclinesareoutward-falling/climbing.

Figure3 illustratestheseconcepts.For a color image,themonotonictreeandtopologicalmonotonictree

areconstructedon its graycopy.

2.2 Reduced monotonic tree

Theprocesspresentedin thispaperemploysareduced monotonic tree, ratherthanthetopologicalmonotonic

tree,becausethe reducedmonotonictreecanbe constructedrecursively. In the monotonictreeof a gray

image,the leaf nodescorrespondto theboundariesof the local maximum/minimumregionsin the image.

Startingfrom the leaf nodesin themonotonictree,we find themonotonicslopeswhich containtheseleaf

nodes.Thesemonotonicslopesarethe leaf nodesin the topologicalmonotonictree,which arecalledthe

slopes at level one. By removing thesemonotonicslopes,we producea smoothedgray image. We then

apply thesameprocessto thesmoothedimageto generatethe slopes at level two. Theprocessis repeated

recursively to produceahierarchyof slopes.Together, theseslopesform a reduced monotonic tree.1

1The parent-childrelationin the reducedmonotonictreeis definedin a similar mannerto that for the topologicalmonotonic
tree.
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Figure3: (a) An outward-falling monotonicline (thesolid line in thefigure),(b) a setof monotoniclines,
(c) themonotonictree,and(d) thetopologicalmonotonictree.

Figures4, 5, and6 illustrateanalgorithmfor thegenerationof a reducedmonotonictree.Thealgorithm

consistsof thefollowing steps:

(1) Transferthe imageto a hexagonalgrid2 (asshown in Figure4). Denotethe imageon thehexagonal

grid as 13254�687 9;: , where 9 is thedomainof the imageand 6 is a functionfrom 9 to < . Let 6>= be

theextendedfunctionof 6 to thewholeplane,which is equalto 6 on 9 , andassumes?A@ outof 9 .

(2) Find simply-connectedregions3 where 6>= assumeslocal minimumor maximumvalues,asshown in

Figure5(a).

(3) For eachlocalminimum/maximum,simply-connectedregion B , find theslopeincluding CDB ,4 where

a slopeis a sequenceof monotoniclineswith eachline uniquelyanddirectly enclosingthenext, as

shown in Figure5(b). Theprocedurefor finding theslopeincluding CDB is asfollows:

(a) let EF2GB and HI2KJLCMEON ;
(b) if EF2P9 , output H andstop;
(c) if CDE is outward-falling/climbing, let Q bethehighest/lowestvalueassumedby pixels5 adjacent

to E ;
(d) let JSRUT#NWVT&XZY be the setof connectedregionssuchthat (i) each R�T is adjacentto E , and(ii) 6 =

assumestheconstantvalue Q overeachRUT . Let R[2]\ VT+XZY R�T ;
(e) if C^4�E \ R_: is notamonotonicline, output H andstop;
(f) let EF2[E \ R and HI2]H \ JLCDE`N ; go to step(b).

2Our theoreticaldefinitionof monotonictreeis basedona hexagonalgrid.
3A simply-connectedregion is a connectedregion whoseboundaryis alsoconnected.A finite connectedregion is simply-

connectediff it hasno hole.
4 a�b is theboundaryof b .
5Here,by “a pixel assumesvalue c ” wemeanthat d e assumesc over this pixel.

5



All theseslopesarenodesof thereducedtree,asshown in Figure6(a).

(4) If only oneslopeis found in step(3) andit covers the whole image,stop. Otherwise,smooththe

imageby removing all the slopesfound in step(3). Let JWB T NWVT+XZY be the setof regionscoveredby

thoseslopes,respectively. For eachB T , let Q T bethehighest/lowestvalueassumedby pixelsadjacent

to BfT if CDBfT is outward-falling/climbing. Thesmoothedimageis a function g6ih�9kjl< suchthat:

g6U4/mn:U2 o Q T if mqprB T for somes ;6U4/mn: otherwise.

Figure6(b) shows thesmoothedimagefor ourexample.Let 6t2ug6 andgo to step(2).
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Figure4: (a) A gray imagewith a squaregrid (eachinteger representsa pixel valuein the image),(b) the
grayimagetransferedto ahexagonalgrid.
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Figure5: (a) Simply-connectedregionswherefunction 6>= assumeslocal minimum/maximumvalues,(b) a
slopewith respectto a localmaximumregion (theredlinesarethemonotoniclinesin theslope).

After the reducedmonotonictree is generated,it’s translatedbackto a squaregrid. For the example

imagegiven in Figure 7 (a), its reducedmonotonictree is representedby its elements(nodes)at levels

from 1 to 7, which arevisually representedin Figure7 (b)-(h), respectively. In thesepictures,anoutward-

falling/climbing monotonicslopeis shown by the white/blackareawhich is enclosedby this slope. The

blankareais shown in gray. Theroot nodeof thereducedmonotonictreeof this exampleis at level 8. The

rootnodecoversthewholeimage.
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Figure6: (a)All slopeswith respectto local minimum/maximumregions,(b) thesmoothedimage.

Comparedwith otherhierarchicalor multiscalemodels,suchaswavelet [20, 41], scalespace[18], and

peaks& ridges[6], themonotonictreemodelhasthefollowing advantages:

(1) Themonotonictreeretrievesandrepresentsthestructuresof animageat all scales.In addition,these

structuresareorganizedhierarchicallyasa tree,allowing easieranalysisof therelationshipsbetween

differentlevels.

(2) Themonotonictreeretrievesthestructuresof animagedirectlyandmaintainstheiroriginal shapes.

(3) Imagestructuresareclassifiedby their low-level features,thenorganizedinto clusters.Semanticfea-

turesaredrawn from thefeaturesof theclusters.Themonotonictreeprovidesavehiclefor combining

primitive featuresto characterizeandcapturesemanticfeatures.

3 Extraction of semantic features

The featureextractionschemeusedhereis basedon the reducedmonotonictree. We usethebranchesof

thereducedmonotonictreeto modelthebasicstructuresin animage,whicharetermedstructural elements.

Structuralelementshave low-level featuressuchascolor, shape,andspatiallocation.They areclusteredto

form high-level features.

Featureextractionconsistsof threeconsecutive steps:

(a) classifyingstructuralelements;

(b) clusteringstructuralelements;and

(c) renderingsemanticregions.

Figure8 shows therelationshipsamongthestepsgivenabove.

The featuresof a given imageareextractedandstoredin a featurevector. A featurevectoris anarray

which recordsthequalifyingscoresfor all semanticfeatures.Thequalifyingscoreof animagewith respect
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Figure7: An exampleof reducedmonotonictree.
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Element classifying
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Figure8: Systemdesignfor featureextraction.

to a featureindicatesthedegreethat the imagecanbeconsideredto have this feature.Figure9 illustrates

thedatastructureof a featurevector.

Qualifying Scores

Ground

OtherSnowLawnwater
PlacidWaveTreeBuildingSkyFeatures

Figure9: Datastructureof featurevector.

3.1 Classifying structural elements

Eachbranch(or subtree)of areducedmonotonictreeis calledastructural element if theimageareait covers

doesn’t exceedan areathreshold.A structuralelementis consideredpositive/negative if its root (i.e., the

root of the subtree)is outward-falling/climbing, asshown in Figure10(a). Positive/negative elementsare

likepeaks/valleys. Thealtitude of apositive/negative elementis definedastheabsolutevalueof theaverage

altitudeof all its pixelsabove/blow thehighest/lowestpixelsadjacentto thestructuralelement,asshown in

Figure10(b). The harshness of a structuralelementis determinedby thenumber, area,andaltitudeof its

sub-elements.6 Wedefinetheharshnessof anelementv by

wix�y�zL{}|�~%zSz 4/v":�2����#�>���%� =�������� VS� � � �����	���A� v#s�v��8� ~ 4��!:^� � y�~%x 4��):
� y�~%x 4/v": 7

where H^�8��� � ~W��~)| v"H ~ v)4/v�: is thesetof sub-elementsof v , �_� v�s�v#�M� ~ 4��): is thealtitudeof � , and � y�~Wx 4��): is

theareaof theregion coveredby � .
A structuralelementcanbeclassifiedby its:

6An elementis a branchof thereducedmonotonictree.All sub-branchesof this brancharesub-elements.
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Figure10: (a)Positive/negative structuralelements;(b) thealtitudeof apixel in astructuralelement.

(1) color (theaveragecolor of all pixelsin thiselement);

(2) altitude;

(3) harshness;and

(4) shape(theshapeof its coveredregion).

For example,we canclassifythestructuralelementsby shapeas:

(a) bars;

(b) polygons;

(c) irregularelements;

(d) boundary-smoothelements;and

(e) othershapes.

A barelementis characterizedby its highlength-to-widthratio,while apolygonalelementis astructural

elementwhoseboundaryconsistsmainly of line segments. A smooth-boundaryelementhasa boundary

which forms a smoothcurve. Irregular elementsare thosewith irregular boundaries.Figure 11 shows

differenttypesof structuralelements.

Thesemanticfeaturesof sceneryimagesarecharacterizedby categoriesof structuralelementswhichare

clusteredin theimages.Threeexamplesof thecategoriesarepolygonalelements(for buildings),horizontal

barelements(for waves),andgreenharshirregularelements(for trees),asshown in Figures12and13.

3.2 Clustering structural elements

Oncethestructuralelementsof animagehave beenclassified,algorithmsareappliedto identify clustersof

elements.First, the setof qualified(i.e., “belong-to”) elementsmustbe determinedfor eachcategory. If
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(c) (d)(b)(a)

Figure11: (a) A barelement,(b) a polygonalelement,(c) anirregularelement,and(d) a smooth-boundary
element.

Figure12: An imageandits polygonelements(shown in blackandwhite).

two qualifiedelementsoverlap,the onewith the lower qualifying score7 is eliminatedfrom the category.

This processis calledelement sifting. Thesifting processreducesthemulti-level elementsof theimageto

single-level elements,all belongingto thegivencategory. Theelementsaftersifting form anelementpattern

in the2D plane.

Next, as shown in Figure 14, the Delaunaygraphof the elementpatternis constructed;this is the

neighboringgraphof theelementpattern.We thenapplyclusteringalgorithmsto theneighboringgraphto

find theclustersin theelementpattern.Here,theclusteringalgorithmis basedontheminimalspanningtree

of theneighboringgraph.Briefly described,theprocessof clusteringby minimalspanningtreeis asfollows.

Let � bethevertex setof thegraphand � bethedistancethreshold.Then � is groupedinto disjointsetsby

joining all edgesin theminimal spanningtreewhoselengths(or weights)arelessthanor equalto � . Each

setthusobtainedis saidto beaclusterat level � . Furtherbackgroundonpatternprocessingby neighboring

graphscanbefoundin [1, 3]. Referenceson clusteringby minimal spanningtreecanbefoundin [50, 8].

3.3 Rendering semantic regions

The processof renderingsemanticregions from a clusterof structuralelementsconsistsof threesteps:

(1) element-connecting;(2) hole-filling; and(3) boundary-smoothing. In thefirst step,all elementsin the
7For a givencategory, thequalifying scoreof anelementindicatesthedegreethattheelementcanbeconsidered“qualified” to

belongto this category. Theprocessof arriving ata qualifyingscorewill bediscussedlater.
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Figure13: An imageandits greenharshirregular elements(shown in greenor dark green)aswell asits
horizontalbarelements(shown in blackandwhite).

(a) (b)

Figure14: (a) An elementpattern,and(b) theneighboringgraphof thepattern.

clusterareconnectedby line segmentsof lengthswithin a threshold.The secondstepinvolvesfilling all

holeswhich aresmallerthana given areathreshold. Finally, the boundaryof the region is smoothedby

removing irregularanglesandbranches.Thesestepsareillustratedin Figure15.

3.4 Qualifying scores

Qualifying scoresmustbeestablishedfor structuralelements,regions,andimages.Thequalifying scoreof

astructuralelementmeasuresthedegreeto whichtheelementis consideredto belongto agivencategoryof

elements.Qualifyingscoresfor differentelementcategoriesaredeterminedin differentways.Formulasfor

computingthequalifyingscoresfor variousscenery-featureelementcategorieswill bepresentedin Section

4.

Similarly, thequalifying scoreof a region with a semanticfeaturemeasuresthedegreethat the region

manifeststhisparticularfeature.For a regiongeneratedfrom acluster, its qualifyingscoreis determinedby
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Figure15: (a) A clusterof structuralelements,(b) elementconnecting(c) hole filling, and(d) boundary
smoothing.

thequalifying scoresof theelementsin theclusterandtheareaof theregion. For example,a wave region

is renderedfrom a clusterof horizontalbarelements.Let theinput imagebedefinedon thedomain 9 and�
bea wave region generatedfrom a cluster H of horizontalbarelements.Thequalifying scorefor

�
with

respectto wave is definedas

H��!� y�~W 8¡ ¢ �S4 � :U2 � � �>� HU��� y�~W£ � ¡"¤ 4/v�:¥  n¡"¢ � � � y�~Wx 4 � :
� y�~%x 4�9A: 7

where H��!� y�~W£ � ¡ ¤ 4/v": is thequalifying scorefor v to bea horizontalbarelement,and ¥  8¡ ¢ � is a parameterto

scalethequalifying score.HU��� y�~W£ � ¡"¤ 4/v�: is definedin thenext section.

In contrast,sky andgroundregionsarenot generatedfrom clusters.As will be discussedin the next

section,wewill assumethattheseregionsaresmooth.Coarseregionsareidentifiedfirst; thesmoothregions

arethenthecomplementof thecoarseregions. Thequalifying scoreof a smoothregion is determinedby

thesmoothness,color, andareaof theregion. As with theharshnessof astructuralelement,thesmoothness

of a region is determinedby theareaandaltitudeof thestructuralelementsintersectingthis region:

H � �S�Sv {¦|�~LzLz 4 � :U2 � y�~Wx 4 � :
� � � =�����§� VL� � � � �_� v�s�v#�M� ~ 4/v":Z� � y�~Wx 4 �¨~!© s�� | 4/v":¦ª � : 7

where � � ~W��~)| v"H ~ v is the set of all structuralelementsof the input imageand
�¨~)© s�� | 4/v�: is the region

coveredby v . Thequalifying scorefor a region
�

to beconsideredasky region is definedas8

H��!� y�~L«�¬� 4 � :U2 H � �S�Sv {¦|�~LzLz 4 � :¥ «�¬� � � y�~%x 4 � :
� y�~Wx 4�9;: ��HU®*¯¦°¨� � � y��±x v�s��¦4 � :�7

8Region ² shouldfirst beexaminedto ascertainthatit satisfiesourassumptionsaboutsky regions.
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where ¥ «�¬�
is a parameterto scalethequalifying scoreand HU®*¯}°±� � � y��±x v#s��¦4 � : is theratio of sky-colored

pixelsin
�

. 9 Thequalifying scoresfor groundandplacid-waterregionsaredefinedsimilarly.

An input imagemay have several regionswhich manifesta specificfeature. The qualifying scorefor

theinput imagewith respectto this featureis definedasthesumof qualifying scoresof theseregions.For

example,let 1 betheinput imageand
� Y 7 �´³ 7)µ&µ&µ&7 � V bethetreeregionsfoundin this image.Thequalifying

scoreof 1 with respectto “tree” is

H��!� y�~ � ¤ ���S4�1*:¶2 � VT+XZY HU��� y�~ � ¤ �#�L4 � T :�µ
If an input imagecontainsno regionswhich manifesta specificfeature,thenthe qualifying scorefor the

imagewith respectto this featureis zero.

4 Case study of semantic features

The previous sectiondescribeda generalschemefor the extractionof semanticfeatures. In this section,

we will presentmethodsfor definingthecategoriesof structuralelementsandidentifying theregionswith

sceneryfeatures.

Thefollowing discussionis predicateduponsomesimpleassumptionsaboutthecolorsof sceneryfea-

tures.For example,treesareassumedto begreenandwaterto beblue.More comprehensive color patterns

for sceneryfeaturescanbeintegratedinto oursystem,asis not thefocusof thispaper.

Wewill first briefly introduceour approachto color modeling.A pixel is a gray pixel if noneof its red,

green,andbluecomponentsis dominant;i.e.,

·¹¸Sº 4 y 7 © 7 �):»? ·¹¼+½ 4 y 7 © 7 �):¿¾kÀÂÁ�7 (1)

where
y 7 © , and � arethe red,green,andbluecomponentsof thepixel, respectively, and À Á is a threshold.

A pixel is red, green, or blue if

yfÃ ·`¸Sº 4 © 7 �):ZÄÅÀ Á 7 ©ÆÃ ·¹¸Sº 4 y 7 �):�ÄÅÀ Á 7U� y � Ã ·¹¸Sº 4 y 7 © :^ÄÅÀ Á 7 (2)

respectively. A pixel is white if it is grayand

4�Ç_� y Ä[È)É´� © ÄÊ�):�Ë*È)É`ÌÍÀ   7 (3)

where 4�Ç¨� y ÄKÈ)É±� © ÄÍ�):�Ë*È)É is thebrightnessof thepixel and À  
is a threshold.A region is red (green,

blue, gray, or white) if the ratio of red (green,blue, gray, or white) pixels in the region is greaterthanor

equalto a threshold.
9We assumethat the sky color is eitherblue or gray (the color of clouds). Theseassumptionswill be discussedin the next

section.
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Wealsomakeassumptionsaboutthelocationof sky andgroundregionsin images.For a region
�

in an

image1 , its locationis modeledby its top,bottom,left, andright positions:10

Î ��ÏMÐÂ� z 4 � :Ñ2 ·`¼+½ JW¯ÓÒ�Ô*mZ7%4/m�7�¯}:Õp � N�7 (4)Ö �Sv�v-� � Ð¨� z 4 � :u2 ·`¸Sº JW¯�Ò�Ô*m�7%4/mZ7�¯¦:¿p � N�7 (5)×�~ 68v-Ð¨� z 4 � :u2 ·`¼+½ JWm�Ò�Ô*¯87%4/m�7�¯}:Õp � N�7 (6)� s ©*{ v#Ð¨� z 4 � :Ø2 ·`¸Sº JWmUÒ�Ô*¯M7%4/mZ7�¯¦:¿p � N�µ (7)

Supposethedomainof image 1 is J%ÉÙ7WÈ>7)µ&µ&µ&7"ÚÛ?GÈSN¹ÜÝJ%ÉÙ7WÈ>7)µ&µ&µ&7 Þ ?GÈSN . We saythata region
�

is in the

lower partof theimageif ßMà�áWâÓà « �&ãM�ä is greaterthana threshold;wesaythata region occupiesanupperpart

of theimageif ßMà�áWâÓà « �åã8�ä is lessthana threshold.

4.1 Sky

Thesky is a kind of background.Without clouds,a sky region is a homogeneousregion consistingof blue

pixels.Dueto theirphysicalproperties,cloudsin animagetendto changesmoothlyat thepixel level. From

alocation’sstandpoint,thereis usuallynootherobjectaboveasky region. To retrievesky regions,wemake

threesimpleassumptions:

� (sky.a1)A sky region is smooth;

� (sky.a2)A sky region occupiesanupperpartof theimage;and

� (sky.a3)Thecolor of sky regionsis eitherblueor thecolor of clouds.

For our currentimplementation,we assumethatthecolor of cloudsis gray. To find thesky regions,we

first identify thesmoothregionsin theimage.Thesmoothregionsarethecomplementof theharshregions,

which are characterizedby peaksand valleys in intensity. Within the monotonictree, thesepeaksand

valleys aremodeledassmall structuralelementswith high altitudes.Thus,theharshregionsof the image

aredetectedby clusteringthesesmall,high-altitudeelements,asdiscussedin thelastsection.Identification

of theharshregionsautomaticallydistinguishesthesmoothregions,aswell. Thesesmoothregionsarethen

checkedfor locationandcolor to find thesky regions.

4.2 Ground and placid water

Wemake threeassumptionsaboutgroundregions:

� (ground.a1)A groundregion is smooth;
10Here,we assumethemonitorcoordinatesystem:the æ -axisis pointingright andthe ç -axisis pointingdown.
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� (ground.a2)A groundregion is in thelowerpartof theimage;and

� (ground.a3)In agroundregion,structuralelementsaremorehorizontalthanvertical.

Whensceneryimagesaretaken,thedirectionof theprojectionis usuallyhorizontalor nearlyhorizontal.

Thus,asthenaturalsceneis projectedontotheimageplane,ground-level structuresappearmorehorizontal

thanvertical,leadingto thethird assumptionabove.

Let usfirst discussmethodsfor modelingthehorizontalityof a structuralelement.For a region B on

the squaregrid è ³
andsome mMéêpPè , we definethe heightof B at mMé to be the numberof pixels in the

intersectionbetweenB andtheverticalline crossing4/mMé>7"É�: . Formally,

wq~ s ©*{ v)4/B�7�m8éS:¶2ëÒJ�4/m8é>7�¯¦:)Òå4/m8é�7�¯}:�prBìN*Ò�7 (8)

where Ò � Ò givesthenumberof elementsin aset.Similarly, we definethewidth of B at ¯�é as

í s���v { 4/B�7�¯�éL:U2îÒJ�4/m�7�¯�éL:)Òå4/mZ7�¯�é%:�prBìN*Ò�µ (9)

Now we definethehorizontalandverticalratiosof B to be

w � y s�ï�� | v x � �±x v�s��¦4/Bð:¶2 �  �Lñ 4 í s���v { 4/B�7�¯}:�: ³
��ò �Sñ 4 wq~ s ©*{ v)4/B�7�mÓ:�: ³�ó x�| � (10)

� ~)y v�s�� x � �±x v#s��¦4/Bq:§2 Èw � y s�ï�� | v x � �±x v�s��Ù4/Bð: µ (11)

For a rectangleJ%ÉÙ7WÈ>7)µ&µ&µ&7"Úô?kÈSNõÜðJ%ÉÙ7WÈ>7)µ&µ&µ&7 Þ ?kÈSN , its horizontalratio is öä . A structuralelementis said

to behorizontal(or vertical),if thehorizontal(or vertical)ratio of its coveredregion is greaterthana given

threshold.

As with the detectionof sky regions,the identificationof groundandplacid-water regionsstartswith

findingthesmoothregionsin theimage.Then,for eachsmoothregion,wecheckthevalidity of assumptions

(ground.a2)and (ground.a3). To test (ground.a3),we count the horizontaland vertical elementsin the

smoothregion. The last assumptionholds if the horizontalelementsexceedthe vertical elementsin the

region.

A groundregion identifiedby thismethodcouldbelawn, snow, or othergroundsubtypes.Theseregion

subtypesaredistinguishedby color. For example,we assumethatlawn regionsaregreenandsnow regions

arewhite.

Identificationof placid-water regionsis baseduponfour assumptions.The first threearethe sameas

thoseusedfor groundidentification.In addition,weassumethatthecolorof placidwateris blue.
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4.3 Wave

Smallwaterwavesarecharacterizedbyveryregularpatternswhichappearashorizontalbarsin ahorizontally-

projectedimage,suchasthatshown in Figure13. Breakingwaveshave complicatedstructures.However,

imageswith breakingwavesusuallycontainanareaof watersurfacewhichconsistsof parallelbarstructures,

asin theimageshown in Figure16.

Figure16: An exampleof animagewith breakingwavesandits annotation.

We definea wave region asa region consistingof horizontalbarelements.A baris characterizedby its

high length-to-thicknessratio. For a2D region B , wedefineits lengthandthicknessas

×�~)|n© v { 4/Bð:»2 ·¹¸Sºò>÷  �Løúù Bû?ìE ù 7 (12)

Î { s��)® |�~%zSz 4/Bq:»2 ·¹¼+½¢ �WüDý ·¹¸Sºò>÷  �Sø
4/mr?ð¯}: � Q

ù Q ù
7 (13)

respectively, where 4/m�?þ¯¦: � Q is the innerproductof vectorsmt?Ý¯ and Q , and ù Q ù is the lengthof the

vector Q . Wedefinethebarratioof a region B as

Öÿx�y��±x v�s��Ù4/Bð:U2 ×§~W|n© v { 4/Bq:Î { s��)® |�~%zSz 4/Bð: µ (14)

This situationis illustratedin Figure17. A structuralelementis consideredto be a barelementif thebar

ratioof its coveredregion is higherthanagiventhreshold.Thequalifyingscoreof astructuralelementto be

ahorizontalbarelementis definedastheproductof thebarratio andhorizontalratioof its coveredregion:

H��!� y�~W£ � ¡ ¤ 4/v�:U2 Öÿx�y��±x v#s��¦4 �¨~!© s�� | 4/v":�:^� w � y s�ï�� | v x � �±x v#s��¦4 �¨~!© s�� | 4/v�:�:�µ (15)

Wave regionsareidentifiedby clusteringhorizontalbarelementsin theimage.

length

thickness BarRatio = length/thickness

Figure17: Thebarratio of anellipse.
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4.4 Green tree

A carefulexaminationof the tree region in Figure 13 revealsthat the micro-structuresin the region are

very irregular. Basedon this observation,we assumethata treeregion is a region consistingof greenharsh

irregularelements.Thetreeregionsin animagearefoundby clusteringthegreenharshirregularelements

in theimage.

Foraconnectedregion B , let °¨� | Q ~ m w � ��� ×�~)|n© v { 4/Bð: bethelengthof itsconvex hull and
×§~W|n© v { 4�CDBq:

bethelengthof its boundary. Wedefinetheirregularity of B by

1 y>y�~!© � � x�y s�v#¯n4/Bð:¶2 ×�~)|n© v { 4�CDBq:°¨� | Q ~ m w � �/� ×�~)|n© v { 4/Bð: µ (16)

Thequalifyingscoreof astructuralelementto beatreeelementis definedastheproductof its harshness

andtheirregularity of its coveredregion:

H��!� y�~ � ¤ ���#=�������� VS� 4/v�:U2 wêx�y�zS{¦|�~LzLz 4/v":��»1 y>y�~!© � � x�y s�v#¯n4 �¨~)© s�� | 4/v�:�:�µ (17)

4.5 Building

Theshapesof mostbuildingsarecharacterizedby theline segmentsthey contain.Weassumethatabuilding

region in an imageis a region consistingof polygonalelements.To ascertainwhethera structuralelement

is polygonal,we first partition its boundaryinto line segmentsandotherkinds of segments.A structural

elementis polygonalif its boundarymainlyconsistsof line segments.Referenceson curve partitioningcan

befoundin [30, 31, 32].

Foraconnectedregion B , let
×�~)|n© v { 4�CDBq: bethelengthof itsboundaryand

×�~)|n© v {�� 6 × s |�~ H ~!©���~)| v z 4/Bð:
bethetotal lengthof theline segmentsdetectedin its boundary. Wedefinethepolygonratioof B by

Ð¨� � ¯ © � |��±x v#s��¦4/Bq:¶2 ×�~)|n© v {�� 6 × s |�~ H ~!©���~)| v z 4/Bð:×§~W|n© v { 4�CDBq: µ (18)

Thequalifyingscoreof astructuralelementto beapolygonalelementis definedasthepolygonratioof

its coveredregion.

5 Experiments

Comprehensive experimentswere conductedto demonstratethe effectivenessof the proposedapproach;

theseexperimentsemployedourSceneryAnalyzersystem.11 First,performancecomparisonsusingCOREL

imagesweremadebetweentheproposedapproachandsometraditionalCBIR techniques.Thesecompari-

sonmeasuredtheprecision-recallfor eachsceneryfeature.WethenconductedexperimentsusingPhotoDisc
11Thesystemcanbeaccessedat http://monet.cse.buffalo.edu:8888/.
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Feature sky building tree wave placid ground
water lawn snow other

COREL images with the feature 2369 1920 1479 161 882 298 68 659
PhotoDisc images with the feature 455 156 382 6 219 57 59 261

Table1: Breakdown by sceneryfeaturesof imagesin CORELandPhotoDiscdatabases.

imagesto verify thattheperformanceof ourapproachis notsource-sensitive. Finally, theproposedapproach

wasappliedto bothCORELandPhotoDiscimagesto exploreits effectivenesswith differentcombinations

of sceneryfeatures.Examplesof someof theseimagesandtheir copiesannotatedby SceneryAnalyzerare

providedat theendof this section.

5.1 Experiment setup

Two imagedatabaseswereemployed in theseexperiments.Thefirst imagedatabase,COREL,consistsof

6,776color imagesfrom CD7 andCD8 of COREL Gallery 1,300,000.Thesephotosarestoredin JPEG

format andaresizedat either �����3ÜìÇ���� or Ç�����Ü	����� . The COREL databaseincludesboth sceneryand

non-sceneryimages.Thereare4,125scenerypicturestakenat globally diverselocations,alongwith 2,651

non-sceneryimagescoveringawidevarietyof subjects,includingfish,molecules,spacescenes,insects,and

othertopics. The secondimagedatabase,PhotoDisc,consistsof 1,444imagesfrom PhotoDiscComping

Discs 3 and 4. Theseimagesfall into five categories: (1) homesand gardens,(2) internationalsports,

(3) naturescenes,(4) panoramiclandscapes,and (5) people,lifestyles, and vacations. Table1 shows a

breakdown of thesetwo imagedatabasesby sceneryfeatures.

For eachsceneryfeature,theprecision-recallof SceneryAnalyzerwascalculatedandplotted. Let RE-

TRIEVELIST be the list of
|

imagesretrieved with a given feature,which is sorteddescendinglyby qual-

ifying scores. We calculatethe precisionandrecall for eachof the first V
 é ,
³ V
 é ,


 V
 é , .... , and
|

images

in RETRIEVELIST. The precisionandrecall figureswerethenplottedto demonstratethe performanceof

SceneryAnalyzer.

In Subsection5.2, performancewith the COREL databasewill be usedto compareSceneryAnalyzer

with the keyblock model [17], traditional color histogram[43], color coherentvector [27], and wavelet

(HaarandDaubechies)texturetechniques[37, 41]. All thesemethodsacceptonly queriesby example.The

processof selectingquerysetsandcalculatingtheprecision-recallfor thesemethodscanbeillustratedwith a

typital case,wherethesky featureis queriedusingthekeyblock approach.Thereare2,369CORELimages

with sky regions.Eachsky imageis usedasa keyblock queryon theCORELdatabase;thetop 100images

arethusdetermined,andthenumberof sky imagesin this retrieved setis counted.The2,369sky images

arethensortedin descendingorderby thenumberof sky imagesin their correspondingretrievedsets.The

sortedlist is denotedasSKYLIST. Thefirst 5%, i.e., 118of imagesfrom SKYLIST arethenselectedasthe
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querysetanddenotedasQUERYSET. For eachCORELimage 1 , we calculateits distanceto QUERYSET-J%1¦N usingthe keyblock approach.12 13 The COREL imagesarethensortedin ascendingorderby this

distance.The top �*7 Ç���� (i.e., the numberof imageswith sky) COREL imagesare retrieved. Using the

imagesretrieved by the keyblock model,we thencalculateandplot the precision-recallof the keyblock

modelfor thesky feature.

Subsection5.4 comparesthe performanceof SceneryAnalyzerwith the traditional CBIR techniques

on combinationsof sceneryfeatures. For this comparison,thesetechniquesare usedto retrieve the top

20 imageswhich have the specifiedcombinationof sceneryfeatures.Querysetsareselectedandimages

retrievedin themannerdescribedabove.

5.2 Comparison using COREL database

Experimentswereconductedusing6,776CORELimagesto compareSceneryAnalyzerwith thekeyblock

approach[17], traditionalcolorhistogram[43], colorcoherentvector[27], andwavelet(HaarandDaubechies)

texturetechniques[37, 41]. Theprecision-recallof thesetechniqueswascomparedfor six sceneryfeatures:

sky, building, tree,wave,ground,andplacidwater.

Theprecision-recallof eachmethodwascalculatedfor eachsceneryfeaturelisted; theseresultsappear

in Figure18. The five traditional CBIR methodsall performedpoorly with the wave feature. This can

be partially explainedby the small numberof wave imagesin the COREL database,which makes these

methodseasilymisidentify other imagesaswave images.Furthermore,thesemethodsdidn’t capturethe

structuresof waves.

A comparisonof the graphsin Figure18 shows that our methodoutperformsall the othersfor each

sceneryfeaturetype. To furtherclarify thecomparison,we calculatedtheaverageprecision-recallover all

six sceneryfeatures,which is shown in Figure19(a). The averageprecision-recallof the five traditional

methodssuffers particularly from their poor performancewith the wave feature,asdiscussedabove. To

excludethis effect, we alsocalculatedtheaverageprecision-recallover thefive remainingsceneryfeature

types(sky, building, tree,ground,andplacidwater);this is shown in Figure19(b).Thesecomparisonsindi-

catethatourproposedmethodprovidesmuchbetterprecision-recallof sceneryfeaturesthanthetraditional

techniques.

5.3 Experiments using PhotoDisc database

Wealsoconductedexperimentson1,444PhotoDiscimages.Theperformanceof SceneryAnalyzerwith this

PhotoDiscdatabaseis shown in Figure20(a)and(b). SincethePhotoDiscdatabaseincludedonly 6 images
12Thedistancefrom animageto a setof imagesis theshortestdistancefrom this imageto theimagesin theset.
13If we retrieve by thedistancesof imagesto QUERYSET, the imagesin QUERYSET will have distancezero. Thusthequery

imageswill automaticallyberetrievedasthetop5% images,whichprovidesanunfair comparison.
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Figure18: Performanceof (a) SceneryAnalyzer, (b) keyblock model, (c) color coherentvector, (d) color
histogram,(e) Daubechieswavelet,and(f) Haarwaveletwith CORELimages.
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Figure19: (a) Averageprecision-recallfor six features:sky, building, tree,wave,ground,andplacidwater;
(b) averageprecision-recallfor five features:sky, building, tree,ground,andplacidwater.

with waves,a precision-recallcurve could not be plotedfor the wave feature. Thus,Figure20(a)shows

only five precision-recallcurves. It’s worth noting, however, that whenqueriedfor wave imageson this

database,SceneryAnalyzerretrievedthreeimages,all with waves.Therefore,theprecisionof thesequeries

was100%,with a 50% recall. As a comparison,the performanceof SceneryAnalyzerwith the COREL

databaseis shown in Figure20(c)and(d). Theseexperimentsshow thatSceneryAnalyzerworkseffectively

with bothCORELandPhotoDiscimages.

With boththeCORELandPhotoDiscdatabases,theperformanceof SceneryAnalyzeris relatively poor

with respectto snow subtypeof ground.In our implementation,wehaveassumedthatthegroundis smooth

andthe snow groundis white. However, thesnow groundin naturalimagesmay not be smoothandmay

varyin color. In addition,many otherobjectsin naturalimagesappearto bewhiteandsmooth.Thesefactors

negatively impacttheperformancewith respectto snow ground.

5.4 Experiments on combinations of scenery features

Experimentswere conductedto demonstratethe effectivenessof SceneryAnalyzerwith combinationsof

sceneryfeatures.Theexperimentsinvolvedall theimagesin theCORELandPhotoDiscdatabases.Thetop

20 imagesfor eachcombinationof sceneryfeatureswereretrievedandtheprecisionandrecallcalculated;

resultsaregiven in Table2. In this table,for eachcombinationof sceneryfeatures,F denotesthe setof

imageswith the stipulatedfeaturesandR denotesthe setof imagesretrieved. For a set B , Ò BÅÒ denotes

thenumberof elementsin B . As a comparison,theperformanceof thefive traditionalCBIR techniquesis

given in Table3, wherethekeyblock modelis abbreviatedaskb, thecolor histogramtechniqueasch, the

color coherentvectorasccv, theDaubechiestexture techniqueasdaub,andtheHaartexture techniqueas

haar.
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Figure20: (a) Performanceof SceneryAnalyzerusingPhotoDiscdatabasewith respectto sky, building,
tree,placidwater, andground;(b) performanceof SceneryAnalyzerusingPhotoDiscdatabasewith respect
to snow, lawn, andothersubtypesof ground; (c) Performanceof SceneryAnalyzerusingCORELdatabase
with respectto sky, building, tree,wave,placidwater, andground;and(d) performanceof SceneryAnalyzer
usingCORELdatabasewith respectto snow, lawn, andothersubtypesof ground.

Table2 demonstratesthat theSceneryAnalyzersystemis effective for the featurecombinationslisted.

In contrast,Table3 shows thattraditionalCBIR techniquesarenotsatisfactorywhenhandlingcombinations

of semanticfeatures.SceneryAnalyzerthusprovidesanew, semantics-basedapproachto handlequeriesfor

images.

Figures21and22 provide sampleimagesandtheir copiesasannotatedby SceneryAnalyzer.
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sky sky tree tree sky sky sky tree sky
features tree wave building ground building tree tree water snow

lawn ground building
lawnÒ F Ò 987 92 571 458 100 262 43 363 78Ò R Ò 20 20 20 20 20 20 5 20 20Ò F ª R Ò 17 17 18 18 18 18 5 11 8

precision 85% 85% 90% 90% 90% 90% 100% 55% 40%
recall 1.7% 18% 3.1% 3.9% 18% 6.9% 12% 3% 10%

Table2: Performanceof SceneryAnalyzeron combinationsof features.

sky sky tree tree sky sky sky tree sky
features tree wave building ground building tree tree water snow

lawn ground building
lawnÒ F Ò 987 92 571 458 100 262 43 363 78Ò R ¬ � Ò 20 20 20 20 20 20 20 20 20Ò F ª R

¬ � Ò 7 5 8 3 5 3 0 3 1
precision 35% 25% 40% 15% 25% 15% 0% 15% 5%
recall 0.7% 5.4% 1.4% 0.7% 5% 1.1% 0% 0.8% 1.3%Ò R � £ Ò 20 20 20 20 20 20 20 20 20Ò F ª R � £ Ò 10 2 4 1 3 2 1 5 5
precision 50% 10% 20% 5% 15% 10% 5% 25% 25%
recall 1% 2.2% 0.7% 0.2% 3% 0.8% 2.3% 1.4% 6.4%Ò R �� ¢ Ò 20 20 20 20 20 20 20 20 20Ò F ª R ��

¢ Ò 10 1 8 5 0 2 0 7 0
precision 50% 5% 40% 25% 0% 10% 0% 35% 0%
recall 1% 1.1% 1.4% 1.1% 0% 0.8% 0% 1.9% 0%Ò R � ¡ �%� Ò 20 20 20 20 20 20 20 20 20Ò F ª R � ¡ �L� Ò 7 1 1 2 3 1 1 3 1
precision 35% 5% 5% 10% 15% 5% 5% 15% 5%
recall 0.7% 1.1% 0.2% 0.4% 3% 0.4% 2.3% 0.8% 1.3%Ò R £ ¡ ¡ ¤ Ò 20 20 20 20 20 20 20 20 20Ò F ª R

£ ¡ ¡ ¤ Ò 7 3 5 2 1 2 1 7 1
precision 35% 15% 25% 10% 5% 10% 5% 35% 5%
recall 0.7% 3.3% 0.9% 0.4% 1% 0.8% 2.3% 1.9% 1.3%

Table3: Performanceof thefive traditionalCBIR techniqueson combinationsof features.
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Figure21: Someexamplesof sceneryimagesandtheirannotatedcopies.
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Figure22: Someexamplesof sceneryimagesandtheirannotatedcopies.
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Conclusion and discussion

In this paper, we introducedthe conceptof the monotonictree as a meansto model high-level scenery

features. Basedon the monotonictree representation,primitive elementsof low-level featuressuchas

color, shape,andspatiallocation canbe easily identified,clustered,andcombinedto form semantically

meaningfulregions(or features)for images. Thus, imagescanbe automaticallyannotatedwith category

keywords,includingsky, building, tree,wave, lawn, water, snow, andground. With this annotation,high-

level (semantics-based)queryingandbrowsingof imagescanbesupported.

Wemadesimpleassumptionsaboutthecolor, location,harshness,andshapeof sceneryfeatures.Despite

thesesimpleassumptions,the proposedmethodachieved betterresults(asmeasuredby precision-recall)

thantraditionalCBIR techniques.Theseassumptionsembodythedomainknowledgeaboutsceneryimages.

If wecombinethemonotonictreemodelwith morecomplex domainknowledge,theaccuracy of thesystem

in extractingsemanticfeaturescanbeincreased.

Thereducedmonotonictreecapturesonly thetopologicalstructureof themonotoniclinesin animage.

Wemayfurtherdefineadifferential slope anddifferential monotonic tree to capturedifferentialinformation.

A differentialslopemay be definedasa sequenceof monotoniclines wherethe gradientis smooth. The

differentialmonotonictreeconstructedfrom theseslopeswill becapableof incorporatinggeneraldomain

knowledge.Thus,we mayusethedifferentialmonotonictreefor generalsemanticsextraction.

In futurework, we intendto extendtheproposedapproachto categoriesotherthansceneryimages.It

maybecumbersometo provide a hand-craftedstrategy for theidentificationof structuralelementsfor each

semanticfeature. It will thereforebe necessaryfor us to usemachine-learningtechniquesto assistin the

processof identifying structuralelementsfor generalsemanticfeatures.

References

[1] N. Ahuja. Dot patternprocessingusingvoronoineighborhoods.IEEE Trans. on Pattern Analysis and

Machine Intelligence, 4(3):336–343,1982.

[2] N. Ahuja andA. Rosenfeld.Mosaicmodelsfor texture. IEEE Transactions on Pattern Analysis and

Machine Intelligence, 3(1):1–11,1981.

[3] NarendraAhuja andMihran Tuceryan.Extractionof earlyperceptualstructurein dot patterns:inte-

gratingregion,boundary, andcomponentgestalt.Computer Vision, Graphics, and Image Processing,

48(3):304–356,1989.

27



[4] P. Alshuth,T. Hermes,C.Klauck,J.Krey, andM. Roper. Iris - imageretrieval for imagesandvideos.In

Proc. of First Int. Workshop of Image Databases and MultiMedia Search, Amsterdam, pages170–178,

1996.

[5] J.R.Bach,C. Fuller, A. Gupta,A. Hampapur, B. Horowitz, R. Jain,andC.F. Shu. Thevirageimage

searchengine: An openframework for imagemanagement.In Proceedings of SPIE, Storage and

Retrieval for Still Image and Video Databases IV, pages76–87,SanJose,CA, USA, February1996.

[6] J. Crowley andA. Parker. A representationof shapebasedon peaksandridgesin the differenceof

low-passtransform. IEEE Trans. Pattern Analysis and Machine Intelligence (PAMI), 6(2):156–169,

March1984.

[7] E.R. Doughertyand J.B. Pelz. Texture-basedsegmentationby morphologicalgranulometrics. In

Advanced Printing of Paper Summaries, Electronic Imaging ’89, volume1, pages408–414,Boston,

Massachusetts,October1989.

[8] RakeshDugadandNarendraAhuja. Unsupervisedmultidimensionalhierarchicalclustering.In IEEE

International Conference on Acoustics Speech and Signal Processing, Seattle, May 1998.

[9] J.P. Eakins. Automatic imagecontentretrieval - arewe gettinganywhere. In Proc. of Third Inter-

national Conference on Electronic Library and Visual Information Research, pages123–135,May

1996.

[10] C. Faloutsos,R. Barber, M. Flickner, J.Hafner, W. Niblack,D. Petkovic, andW. Equitz. Efficientand

effective queryingby imagecontent.Journal of Intelligent Information Systems, 3(3/4):231–262,July

1994.

[11] M. Flickner, H. Sawhney, W. Niblack, J. Ashley, Q. Huang,andB. Dom et al. Queryby Imageand

VideoContent:TheQBIC System.IEEE Computer, 28(9):23–32,September1995.

[12] D.A. Forsyth,J.Malik, M.M. Fleck,H. Greenspan,T. Leung,S.Belongie,C. Carson,andC. Bregler.

Finding picturesof objectsin large collectionsof images. In Report of the NSF/ARPA Workshop on

3D Object Representation for Computer Vision, page335,1996.

[13] K. HirataandT. Kato. Roughsketch-basedimageinformationretrieval. NEC Research & Develop-

ment, 34(2):263–273,1993.

[14] BertholdKlausPaulHorn. Robot Vision. TheMIT Press,forth edition,1988.

[15] R.W. FriesJ.W. ModestinoandA.L. Vickers.Texturediscriminationbaseduponanassumedstochastic

texturemodel.IEEE Transactions on Pattern Analysis and Machine Intelligence, 3(5):557–580,1981.

28



[16] Flip Korn, NikalaosSidiropoulos,ChristousFaloutsos,Eliot Siegel, and ZenonProtopapas. Fast

nearest-neighborsearchin medical image databases. In Conference on Very Large Data Bases

(VLDB96), September1996.

[17] Lei Zhu,Aibing RaoandAidongZhang.Theoryof keyblock-basedimageretrieval. ACM Transactions

on Information Systems, Oct2000.

[18] Tony Lindeberg. Scale-Space Theory in Computer Vision. Kluwer AcademicPublishers,1994.

[19] W.Y. Ma andB.S.Manjunath.Netra:A toolboxfor navigatinglargeimagedatabases.In International

Conference on Image Processing, pagesI:568–571,1997.

[20] S.Mallat. A theoryfor multiresolutionsignaldecomposition:thewaveletrepresentation.IEEE Trans-

actions on Pattern Analysis and Machine Intelligence, 11:674–693,July1989.

[21] B.B. Mandelbrot. Fractals - Form, Chance, Dimension. W.H. Freeman,SanFrancisco,California,

1977.

[22] B.S. ManjunathandW.Y. Ma. Texture Featuresfor Browsing andRetrieval of ImageData. IEEE

Transactions on Pattern Analysis and Machine Intelligence, 18(8):837–842,August1996.

[23] Rajiv MehrotraandJamesE.Gary. Similar-shaperetrieval in shapedatamanagement.IEEE Computer,

28(9):57–62,September1995.

[24] FarzinMokhtarian,SadeghAbbasi,andJosefKittler. EfficientandRobustRetrieval by ShapeContent

throughCurvatureScaleSpace.In Proc. International Workshop on Image Databases and MultiMedia

Search, pages35–42,Amsterdam,TheNetherlands,1996.

[25] Farzin Mokhtarian,Sadegh Abbasi,andJosefKittler. Robust andefficient shapeindexing through

curvaturescalespace.In Proceedings of British Machine Vision Conference, pages53–62,Edinburgh,

UK, 1996.

[26] S.Morse.Conceptsof usein computermapprocessing.Communications of the ACM, 12(3):147–152,

March1969.

[27] Greg Pass,Ramin Zabih, andJustinMiller. Comparingimagesusing color coherencevectors. In

Proceedings of ACM Multimedia 96, pages65–73,BostonMA USA, 1996.

[28] A. Pentland,R. Picard,andS. Sclaroff. Photobook:Tools for Content-basedManipulationof Image

Databases.In Proceedings of the SPIE Conference on Storage and Retrieval of Image and Video

Databases II, pages34–47,1994.

29



[29] RosalindPicard.A societyof modelsfor videoandimagelibraries.TechnicalReport360,MIT Media

LaboratoryPerceptualComputing,1996.

[30] C. Robl andG. Farber. Contourtracerfor a fastandpreciseedge-lineextraction. In IAPR Workshop

On Machine Vision Applications (MVA98), 1998.

[31] P.L. RosinandG.A.W. West.Segmentationof edgesinto linesandarcs.Image and Vision Computing,

7(2):109–114,May 1989.

[32] P.L. RosinandG.A.W. West. Multi-stagecombinedellipseandline detection. In British Machine

Vision Conference (BMVC92), pages197–206,1992.

[33] J.RoubalandT.K. Peucker. Automatedcontourlabellingandthecontourtree.In Proc. AUTO-CARTO

7, pages472–481,1985.

[34] M. Safar, C. Shahabi,andX. Sun. Imageretrieval by shape:A comparative study. In Proceedings of

IEEE International Conference on Multimedia and Exposition ICME, USA, 2000.

[35] C. ShahabiandM. Safar. Efficient retrieval andspatialqueryingof 2d objects.In IEEE International

Conference on Multimedia Computing and Systems (ICMCS99), pages611–617,Florence,Italy, June

1999.

[36] G. SheikholeslamiandA. Zhang.An Approachto ClusteringLargeVisualDatabasesUsingWavelet

Transform.In Proceedings of the SPIE Conference on Visual Data Exploration and Analysis IV, pages

322–333,SanJose,February1997.

[37] J.R. SmithandS.Chang.TransformFeaturesFor TextureClassificationandDiscriminationin Large

ImageDatabases.In Proceedings of the IEEE International Conference on Image Processing, pages

407–411,1994.

[38] JohnR. SmithandShih-FuChang.VisualSeek:a fully automatedcontent-basedimagequerysystem.

In Proceedings of ACM Multimedia 96, pages87–98,BostonMA USA, 1996.

[39] J.R.SmithandS.F. Chang.Visualseek:A fully automatedcontent-basedimagequerysystem.In ACM

Multimedia 96, 1996.

[40] Yuqing Song and Aidong Zhang. Monotonic tree. In The 10th International Confer-

ence on Discrete Geometry for Computer Imagery, Bordeaux, France, April 3-5, 2002.

URL=http://www.cse.buffalo.edu/˜ys2/monotree2.pdf.

[41] GilbertStrangandTruongNguyen.Wavelets and Filter Banks. Wellesley-CambridgePress,Wellesley,

MA, 1996.

30



[42] W.D. Stromberg andT.G. Farr. A Fourier-basedtextural featureextractionprocedure.IEEE Transac-

tions on Geoscience and Remote Sensing, 24(5):722–732,1986.

[43] M.J.SwainandD. Ballard. Color Indexing. Int Journal of Computer Vision, 7(1):11–32,1991.

[44] T.F. Syeda-Mahmood.Findingshapesimilarity usinga constrainednon-rigid transform. In Interna-

tional Conference on Pattern Recognition, 1996.

[45] Y. TaoandW.I. Grosky. Delaunaytriangulationfor imageobjectindexing: A novel methodfor shape

representation.In Proceedings of the Seventh SPIE Symposium on Storage and Retrieval for Image

and Video Databases, pages631–942,SanJose,California,January1999.

[46] A.B. TorralbaandA. Oliva. Semanticorganizationof scenesusingdiscriminantstructuraltemplates.

In International Conference on Computer Vision (ICCV99), pages1253–1258,1999.

[47] M. vanKreveld,R. vanOostrum,C. Bajaj,V. Pascucci,andD. Schikore.Contourtreesandsmallseed

setsfor iso-surfacetraversal.In Proc. 13th Ann. Sympos. Comput. Geom., pages212–220,1997.

[48] Jia WangandRaj Acharya. Efficient accessto andretrieval from a shapeimagedatabase.In IEEE

Workshop on Content Based Access of Image and Video Libraries, (CBAIL 98), SantaBarbara,June

1998.

[49] JiaWangandRajAcharya.A vertex basedshapecodingapproachfor similarshaperetrieval. In ACM

symposium on Applied Computing, pages520–524,Atlanta,GA, Febraury1998.

[50] C.T. Zahn. Graph-theoreticalmethodsfor detectinganddescribinggestaltclusters. IEEE Trans. on

Computers, C-20:68–86,January1971.

31


